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A B S T R A C T
Study region: The Chancay-Huaral (CH) coastal river basin in the Lima Region, Peru, between the
Paciﬁc Ocean and the Andean Cordillera.
Study focus: Climate change impacts on annual and monthly discharges in the CH Basin are
assessed for the future period 2051–2080. Hydrological modeling is sensitive to biases in input
variables. Therefore, bias-corrected time series of temperature and precipitation from 31 General
Circulation Models (GCMs) with the emission scenarios RCP4.5 and RCP8.5 (Representative
Concentration Pathways) were used as inputs for the Water Evaluation and Planning System
model (WEAP). Bias correction and downscaling of the GCMs were implemented using a quantile
mapping method.
New hydrological insights for the region: On average, GCMs indicate increased annual mean tem-
peratures by 3.1 °C (RCP4.5) and by 4.3 °C (RCP8.5) and precipitation sum by 20% (RCP4.5) and
by 28% (RCP8.5). With increasing total precipitation, river discharges are also found to increase,
but the variability among the GCMs is considerable. The largest increases in monthly discharge
are projected to occur in the wet season (November − April) − with up to 31% increase of
December multi-model mean. Despite the larger annual discharge for the mean multi-model
result, discharges in the dry season may decrease according to some GCMs, showing the need for
an adapted future water management.
1. Introduction
The North–South Andean Cordillera divides Peru (1.3 × 106 km2) into three watersheds (hydrographic regions, Fig. 1): one
toward the Paciﬁc Ocean (Paciﬁc drainage, Pd), another toward the Amazon Basin, and the third is the Lake Titicaca Basin on the
Altiplano to the south. According to the Peruvian National Water Agency, Pd represents 22% of the Peruvian territory (Ruiz et al.,
2008). The annual water balance (precipitation minus evapotranspiration) computed by UNESCO (UNESCO, 2006) for 1969–1999
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shows that the average annual available surﬁcial water in Pd is only 16 mm. The Pd features small basins with bare and steep slopes
that favor erosion and ﬂooding during occasional rainy episodes. Rainfall is more abundant along the northern coast of Peru and
declines toward the south where conditions are extremely arid (Garreaud et al., 2009).
The ﬂow of the Chancay-Huaral (CH) River, which is recorded at the Santo Domingo Hydrological Station (Estación Hidrológica
Santo Domingo, EHSD), plays a very important role in the economic development of the basin. The agricultural sector in the CH Basin
accounts for 17% of the total gross domestic product (GDP) of the entire province of Lima (PMGRH-I, 2012). Precipitation in the
upper part of the basin contributes to feeding a set of reservoirs that are discharged mainly during the dry season for hydropower
purposes, agricultural use, and residential water use. In the lower part of the basin, runoﬀ generated by seasonal rainfall supplies
aquifers that are mainly used for agricultural irrigation and domestic water usage. In this regard, an uneven spatio-temporal dis-
tribution of rainfall would greatly aﬀect water resources in this basin. For example, between 1940 and 1973, communities of the
upper valley of Chancay were severely aﬀected by ﬁve periods of drought (Lausent-Herrera, 1994).
There are increasing and competing demands on the use of water resources in Peru. The multifaceted issue of sustainable water
usage and the water–food–energy security nexus has been widely acknowledged and discussed (WBCSD, 2014; WWAP, 2015). First,
the population of Peru is projected to grow by 40% from 2007 to 2050, which would correspond to a population of about 40 million
(PRB, 2010). Currently, 73% of the population lives in urban environments, and this proportion, as well as their living standards, is
projected to increase. Therefore, domestic water usage is likely to increase rapidly. Secondly, much of the current agricultural
production relies on irrigation, and consumes about 85% of the surface water in Peru (FAO, 2013). The share of agricultural water
reaches 93% in the Chancay-Huaral Basin. However, the agricultural use of water depends not only on socio-economic factors and
policies (e.g., land use and agricultural policy) but also on climatological and agrological conditions (e.g., land quality, crop water
requirement, and evapotranspiration). Thirdly, planning for water resources management also aﬀects industrial development, hy-
dropower production and population health via sanitation.
Climatic variability and change pose major scientiﬁc challenges for projections of future water resources. Even with the best
available Earth system models, the uncertainty surrounding future water resources may remain large. Major investments and far-
reaching policy decisions regarding the development of water management may be needed to secure the future water supply and
sustainable adaptation to climate change. Therefore, it is important to explore methods to project future scenarios of river discharge
(discharge scenarios, hereafter) to support planning and decision-making. The studies presented in this article are part of the Peru-
AquaFutura project conducted to support decision making for water resource management, including hydrological modeling and
modeling of payments for watershed services (Haavisto et al., submitted).
Although it is preferable to use the most up-to-date climate models for climate change impact studies such as hydrological
modeling, the raw output from low-resolution General Circulation Models (GCMs) should not be used directly to force impact models.
Instead, common practice is to increase the spatial variability of GCM output data by means of statistical or dynamical downscaling.
Statistical downscaling is a way to resolve the scale mismatch between local information and large-scale GCM information by ap-
plying statistical links between large-scale ﬁelds and local observations. In the dynamical downscaling approach, a regional climate
Fig. 1. Map of the location of the Chancay-Huaral Basin and adjacent basins (Huaura, Chillón, Mantaro) as well as the meteorological and hydrological stations that
collected the data interpolated as input into the WEAP model. The main parameters of these observational stations are listed in Table 1. EHSD = hydrological station.
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model (RCM) is run under the boundary conditions derived from a GCM. In contrast to dynamical downscaling, which is costly and
still constrained by the resolution of the RCM, statistical downscaling is applicable with variety of scales starting from the station
scale (Hanssen-Bauer et al., 2005). In addition, the majority of the GCMs simulate warmer and rainier climates compared with
observations in the Chancay-Huaral Basin, and cannot be directly applied in impact studies because the use of uncorrected data can
produce unrealistic seasonal discharges and changes. Therefore, prior to impact assessments, bias correction (BC) must be performed
to adjust GCM temperature and precipitation output to better reﬂect the observed climate.
Distribution-based bias correction methods are more applicable for this purpose than are delta change methods (e.g., Andréasson
et al., 2004; Steele-Dunne et al., 2008; Veijalainen et al., 2010), because the bias correction approach produces alternative, synthetic
time series for present and future climates, whereas the delta change approach is strongly based on historical observations and does
not capture changes in the temporal characteristics of climate relative to the historical period (Räisänen and Räty, 2013; Räty et al.,
2014). In impact assessments, future climate variability is essential information.
We adjusted systematic biases of a 31-member subset ensemble of the CMIP5 (Coupled Model Intercomparison Project Phase 5)
GCMs with a quantile mapping method (Räisänen and Räty, 2013). In this study, bias correction and statistical downscaling are
performed simultaneously using local observed climate data from weather stations to adjust the large-scale GCM output. Narrowing
the GCM subset by excluding the least reliable models prior to downscaling to increase the overall quality of the projections was
omitted in this study mainly because the beneﬁts of doing so are typically minor compared with those of using all available models, as
shown by Räisänen and Ylhäisi (2012). However, individual model performances after bias correction were evaluated with the
Standardized Precipitation Index (WMO, 2012) and other precipitation indices, which are presented in the results. Nonetheless, the
multi-model mean results and inter-model variability were calculated for all 31 models. The overall performance of the bias-corrected
GCM ensemble to produce observed extreme river discharges in the historical period was also estimated.
According to Intergovernmental Panel on Climate Change (IPCC) report (IPCC, 2013), El Niño Southern Oscillation (ENSO) is
projected to remain the dominant mode of interannual variability with global inﬂuence in the 21 st century, and because of changes
in moisture availability, ENSO-induced rainfall variability will intensify on regional scales (Christensen et al., 2013). There are
indications that ENSO-induced teleconnection patterns will shift eastward over the North Paciﬁc and North America. Nevertheless,
changes in the intensity and spatial patterns of ENSO in a warmer climate remain highly uncertain (Christensen et al., 2013). The
inﬂuence of ENSO on the interannual variability of rainfall and runoﬀ in Pd has been studied, e.g., by Ropelewski and Halpert (1987);
Tapley and Waylen (1990); Vuille et al. (2000); Romero et al. (2007); and Lavado-Casimiro et al. (2013). Marengo (1995) and
Marengo et al. (1998) detected decreasing runoﬀ trends during the 20th century at some gauging stations in the northern Pd area.
These decreases were human-induced as they were often related to water catchments used for irrigation and domestic consumption in
growing cities and agricultural zones.
In addition, increasing temperature is very likely to cause an increase in evapotranspiration, and thus alter components of the
hydrological cycle, such as runoﬀ and inﬁltration. These changes will have signiﬁcant impacts on the water vapor content of the
atmosphere, and may cause large-scale changes in rainfall patterns and the frequency of extreme events (Bates et al., 2008). For
example, in the Peruvian Amazon, extreme hydrological events, such as the droughts of 1995, 1998, 2005 and 2010 and ﬂooding in
2012, have become more frequent (Espinoza et al., 2011).
The relationship between climate and water resources can be investigated with hydrological models. Studies of the Chancay-
Huaral River Basin date back to 1969, when the National Oﬃce for Natural Resource Evaluation (Oﬁcina Nacional de Evaluación de
Recursos Naturales) published its Guidelines on the Policy for the Conservation of the Renewable Natural Resources in Peru (ONERN, 1969).
Other studies have focused on the assessment of surface water resources and water availability in major tributaries of the basin using
semi-distributed models (MINAG, 2002, 2011). To our knowledge, no studies of the CH Basin have been published that have eval-
uated the impact of climate change on river discharge using the outputs of GCMs. Selection of the hydrological model depends on
many factors, primarily the purpose of the study and the availability of the model (Xu, 1999). To analyze the impact of climate
change on the discharge of the Chancay-Huaral River, and to improve decision-making capabilities regarding water resources
management, the Water Evaluation and Planning tool (WEAP), a hydrological model that integrates water supply and demand, was
employed. The WEAP model has been used in previous climate change studies in Peru, such as to evaluate the impacts of climate
change on mountain hydrology (Vergara et al., 2011) and to improve the use of water for irrigation (Swiech et al., 2012).
In this study, we investigate the impacts of climate change on hydrology in the CH Basin and focus on monthly and annual mean
values of temperature, precipitation and river discharge. To estimate the impact of climate change on river discharges, input from 31
bias-corrected GCMs are used to run the WEAP hydrological model. In Section 2, we introduce the study catchment, the observed and
GCM data, the quantile mapping method, precipitation indices, spectral analysis, and the WEAP model. The results for bias-corrected
temperature, precipitation and discharge in the past (1981–2010) and future (2051–2080) periods, as well as a short overview of the
BC impacts on ENSO cycles, are then presented and discussed in Section 3, and concluding remarks are provided in Section 4.
2. Materials and methods
2.1. Study catchment
The Chancay-Huaral Basin is a narrow coastal basin with distinct microclimates because of its proximity to the Paciﬁc Ocean and
the Andean Cordillera. It has an area of 3046 km2, and is located in the Lima Region, Peru, between latitudes of 11°00′S and 11°39′S
and longitudes of 76°26′W and 77°15′W (Fig. 1). The altitudinal variation of the CH Basin ranges from sea level to up to 5300 m
above sea level. The CH Basin has eight main hydrographic units, and the surface runoﬀ of six of these units is captured and measured
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at the EHSD hydrological station, with an average annual discharge of 16 m3/s (PROFODUA, 2005). Table 1 shows the characteristics
of the hydrometeorological stations in the basin.
There are uncertainties in the hydrological data of the CH Basin, which partly arise from the fact that the CH Basin has diﬀerent
sources for water managed by diﬀerent socio-economic sectors. One of these sources is the Regulated Lagoon System (RLS), located in
the upper part of the hydrographic unit Vichaycocha and Baños (showing a transfer from the Mantaro Basin, Fig. 1). The RLS has a
maximum estimated storage capacity of 75 × 106m3, and it is administered by the Water User Board for Irrigation (Junta de Usuarios)
of the CH Basin. The water discharge of the RLS is used for hydroelectric production and mining, and during droughts it is also used
by the agricultural sector and by households. Currently, because these water resources are poorly controlled, the infrastructure of
some lakes is being improved, and new gateways are being implemented to control discharge, to limit and manage the use of these
water resources. Very little discharge data are available for the RLS. Therefore, it was not possible to integrate the RLS into the WEAP
hydrological model. Information is somewhat limited on the sources of underground water recharged through the riverbed and
irrigation systems located in the lower part of the CH Basin. According to the best information currently available (ANA, 2011), the
exploitable reserves of groundwater constitute about 102 × 106 m3/year, and the use of 3209 wells currently adds up to about
15 × 106 m3/year.
Other sources of recovered water vital for irrigation during low-ﬂow periods are return ﬂow, upwelling from groundwater and
natural springs, and groundwater recovered by open pit drains along the lower basin. Furthermore, rights are granted to allow the
irrigation of 31% (6627 ha) of the total (21,330 ha) irrigated land (PROFODUA, 2005). It is estimated that the volume of the annual
recovered waters is approximately 122 hm3, which represents an estimated ﬂow of 3.6 m3/s.
2.2. Observations and GCM data
Daily meteorological observations of mean temperature and cumulative precipitation assembled from four temperature stations
and 10 precipitation stations were provided by SENAMHI (Servicio Nacional de Meteorologia e Hidrologia del Perú, Table 1). Daily
precipitation measurements from Carac, Pallac and Santa Cruz, and daily mean temperature measurements from Huayan, were used
to investigate the monthly and seasonal patterns of the current climate in the CH Basin. Huayan is a coastal station at a relatively low
elevation, and therefore is not representative of the whole CH Basin. Therefore, temperatures from stations located in neighboring
basins, Picoy, Canta, and Marcapomacocha, are also shown in the results. All stations presented in Fig. 1 and Table 1 were used to
produce reliable discharge values with the WEAP hydrological model, even though they are located outside our main area of interest,
the CH Basin.
Annual mean temperatures exhibit strong local variations within the basin, with a range from 2 °C at 4479 m elevation
(Marcapomacocha) to over 17 °C at the coastline (Huayan). Distinct seasonal cycles can be detected in coastal areas, whereas
temperature variations are smaller inland. The accumulated annual precipitation varies from 280 mm/year on the hillside (Pallac) to
1000 mm/year in the Amazon region (Marcapomacocha). Seasonal patterns of precipitation are similar between stations. The
greatest contributions of precipitation occur from December to March, which allow water storage in reservoirs (natural and regu-
lated) and runoﬀ in the basin.
Outputs from global climate models of the CMIP5 (Taylor et al., 2012; Flato et al., 2013) project were selected for this study
because these data represent the most up-to-date and comprehensive collection of numerical climate change information. A subset of
31 climate models out of the total 39 models were used, based only on the criterion of the availability of precipitation and tem-
perature data with daily time resolution. The GCMs are listed in Fig. 6; the abbreviations used follow the IPCC naming conventions
Table 1
Main parameters of the selected observational stations including station name, elevation, total annual precipitation, mean annual temperature, mean annual
relative humidity, mean annual wind speed, and mean annual discharge (time period 1981–2010). Stations within the study basin, Chancay-Huaral, are
highlighted with gray background (data provided by SENAMHI).
P = precipitation, T = temperature, RH = relative humidity, WS = wind speed, Q = discharge.
*EHSD = hydrological station.
T. Olsson et al. Journal of Hydrology: Regional Studies 13 (2017) 26–42
29
(http://cmip-pcmdi.llnl.gov/cmip5/docs/CMIP5_modeling_groups.pdf). Two emission scenarios, RCP4.5 and RCP8.5 (Representative
Concentration Pathways, van Vuuren et al., 2011), which represent moderate and high future emissions, respectively, were employed
and analyzed. The computational grid cell width of the global climate models varies between 125 and ∼400 km, which makes
downscaling prior to hydrological modeling necessary.
2.3. Bias correction and downscaling
A quantile mapping procedure was applied for all precipitation and temperature stations, although the results are shown only for
the CH Basin (Fig. 1, Table 1). This method has been evaluated by Räisänen and Räty (2013, method M9), who reported that it
showed the best skill among several bias correction methods applied to temperature data in RCMs. Simpler scaling corrections could
also have been applied, as the hydrological model uses monthly time resolution, but performing corrections in daily time resolution
allowed us to better investigate the characteristics of climate change using a variety of diﬀerent impact indicators, such as pre-
cipitation indices.
First, the precipitation and temperature time series from the global climate models were interpolated to station locations using
bilinear interpolation. Secondly, monthly correction functions were constructed for each station and for each climate model using the
quantile diﬀerences between observations and modeled time series in the 1981–2010 calibration period. Speciﬁcally, the observed
(FO) and modeled (Fc) cumulative distributions were used to modify values in the modeled time series (si) to obtain the projection (pi)
as follows:
= ⋅
−p F F s( ( ))i o c i1 (1)
Both studied time periods, 1981–2010 and 2051–2080, were projected using the same correction functions. Large proportions of
observational data are occasionally missing for some stations (18% for precipitation data and 22% for temperature data, on average),
which is likely to increase both the corrections and the projection uncertainties to some degree. Mixing data from surrounding
months when constructing the correction functions (1) would reduce the sampling uncertainty in the extreme tails and result in more
robust functions, as suggested by Räisänen and Räty (2013). As a consequence, the observed climatological monthly mean values in
the calibration period are not accurately reproduced. To increase the accuracy in climatological monthly mean values we did not mix
data from diﬀerent months, and for the same reason, the numbers of quantiles (300 for temperature and 1000 for precipitation) were
kept high, and only minor (for temperature) or no (for precipitation) smoothing was applied to the functions. Finally the climate
model time series were projected using the correction functions. Prior to projection of precipitation, the limit value for dry days,
prLIM_MOD, was deﬁned for each location, month, and climate model such that the number of dry days in the calibration period
matched the observed number of dry days with prLIM_OBS = 0.1 mm/day, the precipitation rates below prLIM_MOD were set to zero, and
projections were performed for wet days only.
2.4. Precipitation indices
Precipitation indices were ﬁrst calculated separately for the three stations (Carac, Pallac and Cruz), and then averaged over all
three. Because dry days are virtually missing in the uncorrected model output, only bias-corrected models were analyzed. Indices
were calculated separately for all GCMs and for observations. The following indices were calculated:
2.4.1. Six-monthly standardized precipitation index
The SPI-6 index (McKee et al., 1993; WMO, 2012) uses monthly precipitation data and reﬂects the cumulative eﬀect of pre-
cipitation such that a negative SPI value indicate that either (a) several dry months occur sequentially or (b) at least one month is
exceptionally dry. The negative value of the index becomes large if both (a) and (b) occur together. Observed data from 1981 to 2010
(all months) were used in the calibration of this indicator. Missing months were ﬁlled with climatological monthly mean values. The
six-monthly averaging window was selected because compared with shorter and longer averaging windows, it represents both
agricultural and hydrological time scales rather well (WMO, 2012). From these results, April SPI values were analyzed; thus, with the
six-monthly window, the wet season months from November to April, which roughly deﬁne the yearly supply of water, are taken into
account.
2.4.2. Yearly number of wet days (YWD)
To increase the comparability of the modeled and observed data, the probability of wet days, Pw = W/N≈ 0.26 was calculated,
where W is the total number of (non-missing) wet days during the reference period 1981–2010, and N is the total number of (non-
missing) days in the same period. The results were then used to oﬀset the eﬀect of missing data in the observed YWD. The variable Pw
represents the average yearly probability of the wet days calculated over the three stations, based on the assumption that the missing
data are evenly distributed throughout the year.
2.4.3. Yearly sum of precipitation (YPS)
To maintain comparability between observations (containing missing data) and climate models (with variable numbers of days in
calendar months), the YPS was estimated from monthly mean precipitation values. The number of dry days is larger than the number
of wet days (Pw≈ 0.26), which may distort the calculation of observed monthly means, and lead to slight overestimation of observed
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amounts of rain.
2.5. Spectral analysis
Generally, 2–7-year oscillations are attributed to ENSO, which is a globally dominant form of variability on annual to decadal
time scales (e.g., Kleeman, 2008). It is a broadband phenomenon with several spectral peaks, the highest of which occurs at around 4
years. The 2013 IPCC report (Ch. 9.5, Flato et al., 2013) states that the representation of ENSO in the CMIP5 climate models has
improved since CMIP3, and that most CMIP5 models express maximum variability at the observed time scale (2–7 years). However,
errors persist in GCMs, such as in the amplitude, period and spatial patterns of ENSO.
To evaluate how the GCMs capture ENSO in the study region, and whether the bias correction has an eﬀect on ENSO-related
oscillatory patterns, the multitaper spectral analysis method (MTM, Thomson, 1982; Mann and Lees, 1996) was applied to calculate
the spectra of the modeled time series at the observational station locations (Fig. 1, Table 1). MTM is appealing because it si-
multaneously reduces both the bias and error variance of spectral estimates (Babadi and Brown, 2014). It uses a small set of tapers
instead of a unique data taper or spectral window, as are used in the classical methods for spectral estimation. The data are pre-
multiplied by orthogonal tapers, which yield a set of independent estimates of the power spectrum. Finally, this ensemble of estimates
is averaged to obtain an estimate of the power spectrum with lower variance (Ghil et al., 2002).
Monthly time series of temperature and precipitation were calculated for the stations presented in Table 1. Only the RCP4.5 runs
were used in the MTM analysis. Before proceeding with MTM, the annual cycle was estimated using STL (Loess-based Seasonal-Trend
Decomposition; Cleveland et al., 1990) and subtracted from the monthly time series. Otherwise, the annual cycle would dominate the
spectral analysis results. The STL method is a ﬁltering procedure for decomposing time series into trend, seasonal, and remainder
components, and has been described in detail by Cleveland et al. (1990). The linear trends were also removed from the original and
bias-corrected time series data.
The results of MTM analysis were scaled (i.e., the spectra of the original and bias-corrected data sets were divided by their
standard deviations) to facilitate comparison of the original and bias-corrected data sets. Therefore, this analysis was focused on the
locations and relative magnitude of the peaks before and after the bias correction. The intensity of the peaks was not compared in this
study.
2.6. Hydrological model and modeling approaches
WEAP is a hydrological model developed at the Stockholm Environment Institute in Boston, Massachusetts, and is widely used for
integrated water resources management. The model is based on the principle of water balance to represent the hydrological processes
simulated in contributing catchments.
WEAP is a semi-distributed model, which means that the hydrological processes occurring in the sub-basins/tributaries of the
main channel are represented in isolation. In addition, discharges at the intersections of tributaries are estimated (Fig. 1). The WEAP
model applies diﬀerent methods to simulate the internal processes of a watershed. In this study, the “Soil Moisture Model” method
was selected, which is the most complete, for simulation of the processes of the hydrological cycle (Yates et al., 2005a,b). For
hydrological simulation at monthly time steps, the model requires a number of diﬀerent input variables, such as temperature, relative
humidity, mean wind speed, latitude, precipitation, and vegetation coverage, from which the components of the hydrologic balance,
such as evapotranspiration, inﬁltration, surface and subsurface runoﬀ and baseﬂow, are estimated. The FAO Penman–Monteith
equation (Allen et al., 1998) is used to calculate evapotranspiration based on the observed or estimated relative humidity and wind in
the area.
To delineate the CH Basin into sub-basins using GIS (Geographic Information System) software, a numerical elevation model of
the National Geographic Institute (IGN-Peru) at a scale 1:10,000 was employed. Each catchment unit of the WEAP model is divided
into diﬀerent classes of vegetation cover, and water balance is calculated for each class under an assumed uniform climate (Estebe
et al., 2015). Five types of vegetation cover in the basin were deﬁned: Puna grassland, high Andean land without vegetation,
wetlands/reservoirs, thickets, and coastal plains. Vegetation cover information was compiled from the database of the National Plan
for Risk Management and Adaptation to the Adverse Eﬀects of Climate Change on the Agricultural Sector (PLANGRACC; PLANGRACC,
2012). The climatology for total monthly precipitation at the centroid of each catchment was determined using the Kriging inter-
polation method with the Hydraccess tool (Vauchel, 2005). For monthly temperature data, a monthly elevation–temperature
equation was used, which is considered valid throughout the basin. For relative humidity and wind speed, monthly mean values were
used, because continuous and reliable information for these variables is lacking. Agricultural and population water demand (PMGRH-
II, 2012) was included in the hydrological model. A return ﬂow of 30% was assumed for irrigation (water leaving the area of
cultivation) and the cities in the middle and upper basin area.
Time series from the weather stations in neighboring watersheds, Huaura and Chillon, were used to replace missing values for
some stations prior to hydrological modeling. The uncertainty of this gap ﬁlling procedure is considered minor, because (1) the data
for modeling were replaced only for elevations over 2500 m above sea level, where seasonal temperature variation is small; (2)
monthly data were used, and therefore the noise between neighboring stations is much smaller than that of the daily data (Rau et al.,
2017); and (3) the neighboring watersheds belong to the same hydrological region as the study area. In addition, compared with
temperature and precipitation, the contributions of relative humidity and wind speed are not signiﬁcant in the simulation of ﬂows;
therefore, these variables were treated as ﬁxed values for the control and scenario periods.
The WEAP model was calibrated using SENAMHI weather station and hydrological data based on comparing the observed and
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simulated river ﬂows for the period 1969–1978. The calibration was then validated using the period 1979–2012. The hydrological
parameters that represent the rainfall–runoﬀ processes are the crop coeﬃcient (Kc), soil water capacity (Sw), deep water capacity
(Dw), runoﬀ resistance factor (RRF), root zone conductivity (Ks), deep zone conductivity (Kd), ﬂow direction (f), and water stored in
the root zone and the deep zone with respect to total storage capacity (Z1; Z2). Table 2 shows the calibrated parameter values used in
the model. The accuracy of the model was measured using the Nash–Sutcliﬀe (E) eﬃciency coeﬃcient, the coeﬃcient of determi-
nation (R2) and error rate (PBIAS). According to Moriasi et al. (2007), the attained E coeﬃcients of 0.80 and 0.82; R2 of 0.83 and
0.79, and the PBIAS of the model from−9% to−4%, for calibration and validation, respectively, represent a good level of accuracy.
3. Results and discussion
3.1. Temperature
Because of the coarse grid size, the GCMs failed to reproduce the large gradient in temperatures between the observational
stations. The lack of inter-seasonal variation in the uncorrected GCMs compared with observed values was more prominent for the
coastal station (Huayan) than for the inland stations (Canta, Picoy, Marcapomacocha). Therefore, larger adjustment was needed for
the coastal area.
The ability of the uncorrected GCMs to produce the observed climate varied substantially within the basin (Fig. 2). The annual
temperature cycle and small inter-seasonal variation of the inland stations (Picoy, Canta, Marcapomacocha) were, on average, well
captured by the GCMs, although the monthly mean temperatures were overestimated throughout the year (monthly climatological
root mean square error (RMSE): 0.7–23 °C). In contrast, monthly mean temperatures were closer to observed values at Huayan
(monthly RMSE: 0.9–9.5 °C), but the GCMs failed to reproduce the observed annual cycle of temperature; either the seasonal cycle
occurred in an altered phase or the inter-seasonal variation was insuﬃcient (Fig. 2). The GCMs generally overestimated monthly
mean temperatures throughout a year, with some exceptions, for the Huayan station on the coastline (Fig. 2). A majority of the GCMs
simulated the seasonal minima of monthly mean temperatures one to two months ahead of observed cycle, and the maxima one
month later than observed cycle (or during the wrong season) throughout the basin. The emission scenarios RCP4.5 and RCP8.5 did
not diﬀer in the control period 1981–2010, and therefore only the results for RCP4.5 are shown.
Bias correction reduced the systematic warm bias and adjusted the monthly mean temperatures toward the observed values in the
control period (Fig. 2). The RMSE of the GCM-simulated monthly mean temperatures decreased to 0.4–1.5 °C for inland stations and
to 0.9–2.5 °C at Huayan. We found the largest diﬀerences between the bias-corrected and observed monthly mean temperatures from
May through June, which originated from the GCM-simulated phase oﬀset of the seasonal cycle.
The GCM-simulated mean annual temperatures in the basin to increase by 1.0–4.8 °C under RCP4.5 (Fig. 3) and by 1.9–5.2 °C
under RCP8.5 in 2051–2080 compared with the control period. The simulated increase was largest in the dry season (May–October)
and smallest in the wet season (November–April) throughout the basin (Table 3). The increases in mean annual temperatures at the
inland stations after bias correction, compared with the control period, were 1.1–5.0 °C under RCP4.5 and 1.7–5.9 °C under RCP8.5.
The change after bias correction at the inland stations was generally small, and the trend indicated by GCMs can be regarded as
preserved (Table 3). Bias correction altered the indicated warming by−1.6 °C to 1.3 °C (GCM ensemble mean: 0.4 °C) under RCP4.5
and by −1.5 °C to 1.3 °C (mean: 0.5 °C) under RCP8.5 compared with the uncorrected values.
Projection uncertainty is likely to be larger in the correction of the future period if the observed and modeled climates for the
calibration period diﬀer signiﬁcantly. These diﬀerences distort the correction function as follows: (1) malformation of the shape of
the histogram for the future period (upper panel in Fig. 4, where the distortion of the correction function leads to a bimodal
distribution) and (2) changes in the mean climate change signal (lower panel in Fig. 4). The latter error (2) is particularly strong at
Huayan, which is a coastal station and therefore suﬀers from dampened modeled variability. The quantiles in the correction function
are tilted toward a vertical orientation, and the future climate is projected mainly based on the upper extrapolated tail of the
correction function, which enhances the climate change signal. At Huayan, the bias correction altered the GCM-indicated tem-
perature change substantially, by 0.3–2.5 °C (GCM ensemble mean: 1.5 °C) under RCP4.5 and by 0.4–2.7 °C (mean: 1.9 °C) under
Table 2
Hydrological parameters used in the WEAP model and their calibrated values. Deﬁnitions are given in
the text.
Parameter Value Unit
Kc 0.7 –
Sw 200 mm
Dw 800 mm
RRFa E = 5, H = 1.4 –
Ksa E = 150, H = 600 mm/month
Kd 150 mm/month
f 0.5 –
Z1 50 %
Z2 50 %
a H= humid period, E = dry (low water level) period.
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RCP8.5.
3.2. Precipitation
The GCMs captured the seasonal cycle of precipitation, but the modeled daily and monthly mean accumulated totals were too
high; the monthly RMSE of daily mean precipitation varied from 0.02 to 13.0 mm/day at the three stations (Carac, Pallac and Santa
Cruz). The largest RMSE of the GCM data are found for January through March. Nonetheless, the greatest relative overestimation
occurs in dry months (June–August, Table 4).
Based on comparison of the 1981–2010 multi-model mean spatial precipitation patterns of the GCMs to satellite observations (not
shown), the likely reason for the overestimation of precipitation is apparent: the ﬂattened orography of Andean region in the GCMs
allows moisture to ﬂow over the area toward the Paciﬁc Ocean, which also extends the precipitation pattern southwest. How much
this eﬀect modiﬁes climate change signals in the coastal region remains unclear. However, if the modeled rainfall pattern is shifted
spatially such that it overlaps with the observed pattern (i.e., northeast), the signal of increasing mean precipitation weakens but
remains positive in CH Basin (not shown).
The GCMs overestimate the number of wet days by simulating at least drizzle almost every day of the year. Excessive over-
estimation of drizzle, especially during the dry season (May–October), resulted in a greater error relative to observed values (Table 4,
Fig. 5). In contrast, overestimation of total precipitation in summer is caused by too large amounts of daily precipitation. The
frequency of wet days is critical information for the CH Basin, where the accessibility of freshwater resources during the arid season
(May–October) relies on the accumulation of precipitation during the rainy season (November–April). The GCMs tend to overestimate
the wet day frequency and reproduce too much drizzle in the basin, especially for the dry season. This overestimation is problematic
for areas where the dry and wet seasons diﬀer signiﬁcantly.
Bias correction reduced the monthly RMSE of daily precipitation to 0.02–3.9 mm/day at the three stations (Carac, Pallac, and
Santa Cruz). In addition, the large errors in accumulated precipitation during the arid winter season declined considerably (Table 4,
Fig. 5). The eﬀect of bias correction on changes in precipitation did not vary spatially as with temperature. However, no precipitation
stations were available near the coastline.
Most of the GCMs simulated increased total annual precipitation for the basin for the future period (2051–2080) compared with
the control period (Fig. 3, Table 4). Seasonal change of accumulated precipitation compared with GCM values in the control period
varied from −294 mm/season to +323 mm/season (GCM ensemble mean: 31 mm/season) under RCP4.5 and −278 mm/season to
+421 mm/season (mean: 40 mm/season) under RCP8.5. Absolute amounts of precipitation are expected to increase most in the wet
season. Bias correction dampened the expected change to −60–177 mm/season (mean: 23 mm/season) under RCP4.5 and to
−75–227 mm/season (mean: 32 mm/season) under RCP8.5 at the three stations, compared with bias-corrected values for the control
period. Bias correction aﬀected precipitation amounts most during the dry season, which was expected based on the large over-
estimations of the GCMs for this season.
Fig. 2. Climatological monthly mean temperatures in Huayan (upper panels, a,c) and Picoy (lower panels, b,d) during the control period 1981–2010. Observations in
black, GCMs in colors, numbered from 2 to 32. The numbering of the GCMs corresponds to the naming sequence in Fig. 6. The left column (a,b) illustrates the monthly
mean temperatures before bias correction, and the right column (c,d) shows those after bias correction. Obs = observations.
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On average, the frequency of wet days will increase only slightly toward the end of this century under both RCP4.5 and RCP8.5
(Table 4, Fig. 6). RCP4.5 and RCP8.5 produce similar patterns in wet day frequency, but RCP8.5 simulates daily precipitation
amounts up to 41% larger than those produced under RCP4.5.
3.3. Precipitation indices
The quantile mapping bias correction method adjusts the mean values and the shape of the distribution, but does not modify the
chronological structure of the time series. Therefore, statistics that measure the temporal aspects of data distributions are useful for
validating the performance of individual GCMs. For example, the SPI index is aﬀected by the temporal characteristics of the pre-
cipitation time series, and models with distribution of SPI values that are too narrow or too wide are more questionable than models
with SPI distributions more similar to observations. Because the analysis is mostly based on values of individual grid cells, the overall
or regional performance of the models cannot be seen, but local validation is valuable. Similarly, the 30-year distributions of annually
aggregated values of YWD and YPS can be regarded as a validation metric that describes the ability of the models to reproduce local
interannual variability.
Fig. 3. (a) Annual mean temperature and (b) annual precipitation totals (1981–2099) for selected stations of the Chancay-Huaral Basin. Temperature means were
calculated as averages over Picoy, Canta, and Marcapoma, and precipitation sums as averages over Carac, Pallac and Santa Cruz. Observations shown in black, bias-
corrected GCMs driven with the emission scenario RCP4.5 in blue and those with RCP8.5 in red. GCM ensemble mean values are shown with solid lines, and ensemble
variation with transparent highlighted areas. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this
article.)
Table 3
Seasonal mean temperatures of observations (Obs), unadjusted projections (GCMs) and bias-corrected GCM (BC) projections as ensemble mean values for the Canta
station. Results are shown for the control (1981–2010) and scenario (2051–2080) periods under emission scenario RCP4.5. In addition, the results for RCP8.5 are
shown for the scenario period. Table illustrates GCM ensemble mean values for seasonal mean temperature (°C). Annual averages (ANN) are shown in the bottom row.
Season 1981–2010 2051–2080
Obs GCM BC GCM BC
RCP4.5 RCP4.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5
DJF 11.1 17.8 11.1 19.6 20.5 13.4 14.3
MAM 11.2 17.5 11.3 19.5 20.5 13.5 14.5
JJA 11.0 16.8 11.0 19.0 20.1 13.5 14.7
SON 11.3 18.0 11.4 20.1 21.2 13.8 15.0
ANN 11.2 17.5 11.2 19.5 20.6 13.6 14.6
DJF = December–February, MAM=March–May, JJA = June–August, SON = September–November, ANN= January–December.
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As shown in Fig. 6, the median, 25% and 75% values, and the tails of the SPI-6 precipitation index in the control period are
relatively well captured by the corrected climate models on average. However, the dry tail is generally overestimated: only two
models reach wet-season SPI values of −2 (‘extremely dry’; WMO, 2012) in 1981–2010, even though this value has been observed
twice, in 1990 and in 1992. Three models project the mean SPI-6 value exceeding 2 in 2051–2080, but generally, the mean future SPI-
6 is projected to be between 0.5 and 1.5, with a mean change of +0.8. Of the 31 models, 17 show statistically signiﬁcant (t-test,
P< 0.05) increases in the SPI-6 index. Three models show decreasing signals. Long-duration wet (dry) periods increase (decrease)
the SPI value, but the amount of precipitation also aﬀects this index. As shown in Table 3, the length of the wet season in days is not
expected to change remarkably. Instead, the amount of precipitation is projected to increase, which explains most of the projected
Fig. 4. Typical problems in temperature correction at coastal stations: malformation of the future temperature histogram (upper panel, INMCM4 model) and
transformation of the climate change signal (lower panel, EC-EARTH model) with July temperatures in Huayan. Small inset panels show the quantiles (black dots) and
the corresponding correction functions, including the linearly extrapolated parts (red). See text (Section 3.1) for explanations. (For interpretation of the references to
colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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positive change in the wet season SPI-6 index.
The two other precipitation indices show qualitatively similar performance and climate change signals in the diﬀerent climate
models: both show change toward wetter conditions. Some models indicate particularly strong climate change in the wet tail of the
YPS index, with one model showing maximum precipitation of 1400 mm/year. The quantile mapping procedure enhances the ex-
treme values of daily precipitation in the tails of the distributions when corrected data from several stations are combined (Maraun,
2013), and it is possible that this eﬀect can still be seen in the results, even after monthly averaging of the time series.
The observed variability of the YWD in tails of the distribution is not fully covered by most of the climate models. The 25–75%
range and median are generally better represented. Because the amount of precipitation and the number of dry days are not projected
to change in the dry season (Table 4), the climate change signal comes mainly from the wet season.
3.4. Eﬀect of bias correction on oscillatory behavior of ENSO
The results of the MTM analysis were scaled (i.e., the spectra of the original and bias-corrected data sets were divided by their
standard deviations) to facilitate comparison of the original and bias-corrected data sets. Therefore this analysis was focused on the
locations and relative magnitudes of the peaks before and after bias correction. The intensity of the peaks was not compared herein.
The MTM analysis reveals that the oscillatory behavior related to ENSO is essentially preserved after bias correction. In particular,
the spectra of the temperature time series show good agreement between the original and bias-corrected data. The spectra of the
precipitation time series show greater diﬀerence in the locations (and shapes) of the peaks, but 2–7-year oscillations are generally
preserved. However, the 2–7-year peaks are more clearly distinguishable in the temperature data sets compared with the pre-
cipitation data sets, which show more randomness in their spectra. The statistical signiﬁcance of the peaks was not studied here
because the qualitative estimation of the ENSO preservation after the bias correction is suﬃcient at this point. The spectra of the
original and bias-corrected temperature data sets are shown for the models MPI-ESM-MR and EC-EARTH and the Picoy, Canta, and
Table 4
Seasonal precipitation characteristics of observations (Obs), unadjusted projections (GCMs) and bias-corrected GCM projections (BC), as GCM ensemble mean values
for the Santa Cruz station. Results are shown for the control (1981–2010) and scenario (2051–2080) periods under emission scenario RCP4.5. In addition, the results
for RCP8.5 are shown for the scenario period. GCM ensemble mean values for seasonal precipitation totals (Total), are given in mm, and the number of wet days (Days)
as the mean seasonal number of wet days during the study period. Annual averages (ANN) are shown in the bottom two rows.
Season 1981–2010 2051–2080
Obs GCM BC GCM BC
RCP4.5 RCP4.5 RCP4.5 RCP8.5 RCP4.5 RCP8.5
DJF Total 283 725 310 784 797 364 379
Days 49 90 55 90 90 57 57
MAM Total 186 530 198 570 588 230 245
Days 37 91 39 91 91 41 40
JJA Total 6 71 6 78 71 8 9
Days 3 87 3 86 86 3 3
SON Total 98 434 113 455 459 135 145
Days 23 90 26 90 90 28 29
ANN Total 573 1759 627 1887 1916 738 779
Days 112 359 123 358 358 129 129
DJF = December–February, MAM=March–May, JJA = June–August, SON = September–November, ANN= January–December.
Fig. 5. Daily mean precipitation totals in Carac during the control period 1981–2010. Observations (Obs) in black, GCMs driven with emission scenario RCP4.5 in
colors, numbered from 2 to 32. The numbering of the GCMs corresponds the naming sequence in Fig. 6. Upper panel illustrates the daily mean precipitation totals
before bias correction, and the bottom panel those after bias correction.
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Huayan stations in Fig. 7.
ENSO aﬀects seasonal climatic variability in this area, and may cause strong ﬂoods and droughts. The CH Basin is located in area
where the impacts of ENSO can vary greatly over short distances (Lavado-Casimiro et al., 2013). The southern and northern parts of
the Peruvian coastline may undergo opposite impacts (ﬂoods/droughts) during El Niño and La Nina, and therefore the speciﬁc signal
in the CH Basin remains uncertain.
Kim and Yu (2012) found that the simulated intensity of Eastern Paciﬁc ENSO decreases toward the end of 21 st century. This
trend was also apparent in our temperature time series (not shown). Our goal was only to detect if the bias correction alters the ENSO
Fig. 7. The spectra of the original (black lines) and bias-corrected (red lines) monthly mean temperature data sets (calculated over the period 1970–2100) for the
models MPI-ESM-MR and EC-EARTH and for the stations Picoy, Canta, and Huayan. (For interpretation of the references to colour in this ﬁgure legend, the reader is
referred to the web version of this article.)
Fig. 6. Variability of precipitation indices (SPI-6 = six-monthly standardized precipitation index, YWD = yearly number of wet days, YPS = yearly precipitation sum
in millimeters) calculated as means over the three precipitation stations (Carac, Pallac and Santa Cruz). For SPI-6 the values for the wet season (November–April)
months are shown. Black: observations from 1981 to 2010. Red: corrected climate models for 1981–2010. Blue: corrected climate models for 2051–2080 (RCP8.5).
Whiskers indicate the absolute minimum and maximum values during the corresponding period; 25%, 75% and 50% values are shown respectively by the box edges
and horizontal lines. The naming sequence corresponds the numbering of the GCMs in Figs. 2 and 5 (number 1 being observations).
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cycle, not to study the eﬀects of ENSO or the possible changes to ENSO caused by climate change by ENSO. The data set was
constructed from a limited selection of ground-based stations within a small basin, which is not a suﬃciently broad and reliable
source to reconstruct ENSO cycles.
3.5. Discharges
The WEAP model simulates the observed seasonal cycle of river discharge reasonably well (Fig. 8, top panel), but tends to
underestimate observed discharges in wet periods, especially during peak ﬂows. Therefore, the largest biases can be found for
discharge in the wet season. The simulated overestimated discharge values in wet periods (mainly in December) and too-early
decreases in discharge from March to May are caused in part by the low density of observational stations for information related to
the rainfall–runoﬀ relationship in the upper parts of the basin, and in part by the deﬁciencies in modeling the tributaries and
reservoirs that restore the water masses and delay the maximum discharges by a month or more. As stated in Section 2.6, information
about the sub-basins and tributaries in this basin is scarce or unavailable. In addition, the groundwater in the CH River Valley is
exploited in various ways. Natural underground springs, vital in low-water years, are the primary source of irrigation, with an annual
supply of about 80–100 MMC, entirely from seepage of irrigation water. These springs may be permanent or temporary, and may
provide up to 30% of the water used in irrigation in years with low availability of surface water. This water is itself composed of
return water, natural funnels, and groundwater drains recovered through open pits.
As recent improvements, new hydrological stations have been implemented in the CH Basin through the Modernization of Water
Resources Management Project (Proyecto Modernización de la Gestión Integrada de los Recursos Hídricos), which in the short term will
enable collection of information, and in the future will improve discharge estimates by adjusting model parameters.
Fig. 8. Monthly mean discharges in observations (1981–2010, upper panel) and as simulated with GCMs for the control (1981–2010, middle panel) and future
(2051–2080, lower panel) periods. Observed discharges are shown as black solid lines, discharges simulated based on observed temperature and precipitation data
with the WEAP model as dashed green lines, GCM ensemble mean values under RCP4.5 as solid blue lines, and those under RCP8.5 as solid red lines. Variation (1–99%
range) is shown as transparent highlighting with the corresponding colors. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to
the web version of this article.)
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Bias correction was performed for the temperature and precipitation values from all 31 GCMs prior the generation of discharge
scenarios to avoid unnecessarily large uncertainty ranges and false conclusions about the impacts of climate change. The mean
monthly cycle of discharge simulated with bias-corrected values from the GCMs is close to observed values, but the values are
systematically underestimated (Fig. 8, central panel). Nevertheless, the observed (WEAP control run) variability of the wet and dry
seasons is captured by the model ensemble (Fig. 9).
In addition, most of the WEAP simulations with GCM forcings (68% of the GCMs) were able to reproduce annual mean discharges
below 8 m3/s (which corresponds to the 5th observed percentile) in the control period. This result is encouraging because accurate
simulation of the low end of discharge distribution is essential for the study of droughts. In contrast, only 26% of the GCMs re-
produced the extreme high ﬂows of Q> 23 m3/s (95th observed percentile). GCMs that simulated low ﬂows more frequently relative
to other GCMs also simulated high ﬂows more frequently; 23% of the GCMs yielded both extreme values, and 71% simulated at least
one extreme.
GCM simulations indicate that the magnitude of mean monthly discharge would increase in all months by 17% (August) to 31%
(December) on average, from the control period to 2051–2080 (Fig. 8, middle and lower panels). These results are nearly in-
dependent of the emission scenario used. In absolute units, the multi-model ensemble means show increases in discharge between
0.7 m3/s (August) and 7.2 m3/s (February). The projected annual increases are 20% and 22% under RCP4.5 and RCP8.5, respectively.
The diﬀerences in annual means between RCP4.5 and RCP8.5 are small (± 2.5 m3/s), and the multi-model mean values overlap
even at the end of the century (not shown). The proportion of models showing mean annual discharge values below 8 m3/s decreases
from 68% to 26% in the future period. This result is independent of the emission scenario used. However, 45% (RCP4.5) and 48%
(RCP8.5) of the GCMs show mean annual discharges above 23 m3/s in the future. The percentage of models in which both extreme
values are exceeded decreases to 13% (RCP8.5) and 16% (RCP4.5), mostly because of decrease in the number of values below 8 m3/s.
Similarly, 55% (RCP4.5) and 61% (RCP8.5) of the models yield discharge values that exceed at least one of the extremes.
Discharge amounts are expected to increase throughout a year, but as the increases in precipitation amounts imply, the increase in
discharge is larger in the wet season (November–April) than in the dry season (May–October). The GCM ensemble mean discharge
increases by 17% and 20% under RCP4.5, and by 20% and 22% under RCP8.5, in the dry and wet seasons, respectively, from the
control period to 2051–2080 (Fig. 9). In addition, the variability increases toward the end of the century as the highest annual
discharges more frequently shows higher values than those simulated in the control period, and the lower discharge amounts,
although scant, become even lower. These ﬁndings indicate that even though the mean values increase with time, arid years may
become even more arid.
3.6. Comparison with earlier research
Similar to the CMIP5 GCM projections of climate change used in this study, earlier-generation GCMs projected temperature
increases over the Peruvian region toward the latter part of 21st century (e.g., see the IPCC AR5 (IPCC, 2013) compared with the IPCC
AR4 (Christensen et al., 2007)). Furthermore, the downscaled temperature projections preserve the warming trend (Marengo et al.,
Fig. 9. Seasonal mean discharges (m3/s) in observations (1981–2010, black and red solid lines), in the WEAP control run (black and red dashed lines), and as
simulated with 31 GCMs (1981–2099) for the dry and wet seasons, with RCP4.5 in the upper panel and RCP8.5 in lower panel. GCM ensemble mean values for
November–April (wet season) are shown with blue solid lines and for May–October (dry season) with orange solid lines. Total variation between GCMs is shown as
transparent highlighting with the corresponding colors. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of
this article.)
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2010; Franchito et al., 2014; MINAM, 2016). Bias-corrected temperature projections presented in this study thus agree well with
earlier research.
GCM projections of precipitation changes continue to display both increasing and decreasing trends over Paciﬁc coastal regions of
Peru. The IPCC AR4 GCM ensemble mean projected precipitation increase; however, 1–4 models out of 21 indicated a decrease in
annual mean precipitation over coastal Peru in the future. The IPCC AR5 GCM ensemble mean shows positive trends in the amounts
of precipitation in both the wet and dry seasons under the RCP4.5 scenario in Peruvian coastal regions from the period of 1986–2005
to 2046–2065 (IPCC, 2013). However, the corresponding lower 25th percentile maps show patchy features of precipitation change
where drying dominates along the Peruvian coast in both the wet and dry seasons. The bias correction we applied dampened both
increasing and decreasing seasonal precipitation trends of GCMs in the CH Basin. In general, our study gives qualitatively similar
result to those of the IPCC (2013) for the Peruvian coastal region; i.e., the ensemble mean precipitation increases, but some of the
GCMs project decreasing trends.
Earlier studies that utilized both dynamically and statistically downscaled GCM projections of precipitation showed mixed results
in the Lima Region, which includes the CH Basin (Buytaert et al., 2010; Marengo et al., 2010; Kitoh et al., 2011; MINAM, 2016).
Regional climate models capture local gradients, but are still prone to large discrepancies between observed and modeled pre-
cipitation. Buytaert et al. (2010) concluded that a further increase in resolution is necessary to properly represent local gradients. It is
also important to note that the mean projected precipitation changes in the study region are consistent with those of the IPCC (2013)
within less than the standard deviation of the model-estimated present-day natural variability of the 20-year mean diﬀerences until
the mid–21 st century.
The simulated discharges for the multi-model mean in the CH Basin based on bias-corrected and downscaled GCM projections
increase most during the wet season, which is in accordance with the simulated larger increase in precipitation during that season.
The mean multi-model discharge increase is only slightly larger under the RCP8.5 scenario than under the RCP4.5 scenario, likely
because the larger increases in temperature and evaporation reduce the impact of increased precipitation under RCP8.5. The si-
mulated changes in discharge range from slightly negative to clearly positive trends. In the Lima Region, earlier studies of runoﬀ,
aridity and discharge based on downscaled climate change simulations show mixed results with increasing and decreasing discharges,
as expected based on the corresponding precipitation changes (Marengo et al., 2010; Franchito et al., 2014; MINAM, 2016).
4. Conclusions
The hydrological situation in Peru can be characterized as one with severe spatial imbalances between supply (in the Andes) and
demand (in the heavily populated coastal zone) and with mounting challenges caused by rapid changes in demographics and land use
in the coastal zone. Because water and climate change are highly relevant concerns for sectors such as agriculture, projections of
water resources under climate change have become an important element for national and regional planning.
The Paciﬁc coastal region is characterized by relatively narrow but steep slopes, and therefore, peaks in rainfall and the associated
discharge can occur nearly simultaneously without reservoirs to detain water masses. The simulated annual maximum ﬂow in the CH
Basin occurs in February, when the maximum precipitation also occurs, whereas in observations, the maximum discharge occurs one
month later. This error in timing is likely the result of the incomplete representation of tributaries and reservoirs, which may delay
the observed timing of maximum discharge. Despite the lack of water use information for the WEAP, the model can simulate the
observed discharges relatively well.
Discharge scenarios for the CH area were generated using bias-corrected temperature and precipitation values from 31 GCMs
(RCP4.5 and RCP8.5). Bias correction preserves the climate change signal of GCMs relatively well, except in the coastal area. Because
the WEAP hydrological model uses monthly mean values and integrates temperature and precipitation data from several stations, the
uncertainties related to the quantile mapping bias correction method are reduced in the ﬂow results. Annual mean temperature and
precipitation are expected to increase in the CH Basin in 2051–2080 compared with the control period. Most of the climate models
show statistically signiﬁcant increases in the YPS and SPI-6 indices toward 2051–2080, and half show increases in the YWD index.
The diﬀerences in precipitation between the RCP4.5 and RCP8.5 scenarios are rather small, and inter-model variability in pre-
cipitation is large, but in terms of temperature projections, the diﬀerences between the two scenarios are more distinct and the model
outputs more consistent toward the end of this century.
Because total precipitation increases most during the wet season, discharge also increases most during that season. Temperature-
dependent changes in evapotranspiration and precipitation have a tendency to partly oﬀset each other making wet season discharge
increases fairly insensitive to the emission scenario employed. Climate change aﬀects the annual variability of precipitation, but
ENSO and changes in water use are expected to remain the primary causes of drought in this region. Our results suggest that because
the amount of precipitation is projected to increase, an increase of the storage of water during the wet season is one possible solution
to improve water management options and alleviate water supply shortages during the dry season. However, there is considerable
variation in the CMIP5 projections of climate change in the study area. Therefore, any near-term investment decisions on water
security and quality will be done under substantial uncertainty regarding future river discharges. Thus, the current level of
knowledge based on this study and earlier research reviewed suggests that water managers should apply rather robust than optimal
decision-making approach where e.g. no-regret, low-regret options as well as ﬂexible solutions are identiﬁed both in supply and
demand of water resources.
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